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1
UPDATE MANAGEMENT FOR RPU ARRAY

BACKGROUND
Technical Field

The present invention relates generally to resistive pro-
cessing units and, in particular, to update management for a
Resistive Processing Unit (RPU) array.

Description of the Related Art

A Resistive Processing Unit (RPU) is an array of resistive
devices that can be used for deep neural network training. A
RPU is composed of fully connected layers, convolution
layers, recurrent layers, and so forth. However, the updating
of a RPU can be time and resource intensive. Thus, there is
a need for improvements in updating a RPU.

SUMMARY

According to an aspect of the present invention, a com-
puter-implemented method is provided for update manage-
ment for a neural network. The method includes performing
an isotropic update process on the neural network using a
Resistive Processing Unit. The isotropic update process uses
a multiplicand and a multiplier from a multiplication opera-
tion. The performing step includes scaling the multiplicand
and the multiplier to have a same order of magnitude.

According to another aspect of the present invention, a
computer program product is provided for update manage-
ment for a neural network. The computer program product
includes a non-transitory computer readable storage medium
having program instructions embodied therewith. The pro-
gram instructions are executable by a computer to cause the
computer to perform a method. The method includes per-
forming an isotropic update process on the neural network
using a Resistive Processing Unit. The isotropic update
process uses a multiplicand and a multiplier from a multi-
plication operation. The performing step includes scaling the
multiplicand and the multiplier to have a same order of
magnitude.

According to yet another aspect of the present invention,
a computer processing system is provided for update man-
agement for a neural network. The computer processing
system includes a Resistive Processing Unit (RPU) config-
ured to perform an isotropic update process on the neural
network. The isotropic update process uses a multiplicand
and a multiplier from a multiplication operation. The RPU is
configured to perform the isotropic update process by scal-
ing the multiplicand and the multiplier to have a same order
of magnitude.

These and other features and advantages will become
apparent from the following detailed description of illustra-
tive embodiments thereof, which is to be read in connection
with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

The following description will provide details of preferred
embodiments with reference to the following figures
wherein:

FIG. 1 shows an exemplary processing system to which
the invention principles may be applied, in accordance with
an embodiment of the present invention;
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2

FIG. 2 shows an exemplary analog vector-matrix multi-
plication on a RPU array, in accordance with an embodiment
of the present invention;

FIG. 3 shows another exemplary analog vector-matrix
multiplication on a RPU array, in accordance with an
embodiment of the present invention;

FIG. 4 shows an exemplary update operation to which the
present invention can be applied, in accordance with an
embodiment of the present invention;

FIG. 5 shows a stochastic update rule circuit for a RPU
array, to which the present invention can be applied, in
accordance with an embodiment of the present invention;

FIG. 6 shows an update cycle corresponding to the
stochastic update rule circuit of FIG. 5, in accordance with
an embodiment of the present invention; and

FIG. 7 shows an exemplary method for update manage-
ment for a RPU array, in accordance with an embodiment of
the present invention.

DETAILED DESCRIPTION

The present invention is directed to update management
for a Resistive Processing Unit (RPU) array.

In an embodiment, an isotropic update scheme is pro-
posed for a RPU in order to fully exploit the update cycle of
the RPU, by increasing overall performance while using the
least amount of cycles needed for training at the same time.

The present invention can apply to any of stochastic bit
streams and deterministic bit streams.

In an embodiment, an update scheme proposed for RPU
includes populating stochastic bit streams and using coin-
ciding ones of the stochastic bit streams to perform the
update.

In an embodiment, the present invention conditions the
inputs before running a stochastic update cycle in order to
remove false spatial correlation resulting from having to
multiply two numbers that are multiple orders of magnitude
different than each other. That is, in an embodiment, mul-
tiplicands in a stochastic update scheme have the same order
of magnitude. Using this method, RPU test accuracy
improves significantly for CNN and DNN training, using a
single iteration for completing the RPU array update that
accelerates the update cycle.

Using the shortest stream of bits makes the update cycle
as fast as possible. This case corresponds to BL=1, where the
update cycle is operated through a single pulse (making
maximum and minimum possible updates the same, while
still remaining probabilistic with respect to the x,9; values).

To employ this single pulse window as efficiently as
possible, we propose a method to do the update in a more
isotropic way.

In an embodiment, the present invention can resolve a
problem caused by hardware imperfection. In an embodi-
ment, the present invention decreases the effect of resistive
elements (in a RPU) with asymmetric behavior by decreas-
ing the correlation between the nodes. The present invention
can involve scaling values in order to increase stochasticity
and minimize the device imperfection effects on the test
results.

While one or more embodiments are described herein
relating to the use of stochastic update pulses, the present
invention is readily applied to deterministic update pulses,
as readily appreciated by one of ordinary skill in the art,
given the teachings of the present invention provided herein,
while maintaining the spirit of the present invention.
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FIG. 1 shows an exemplary processing system 100 to
which the invention principles may be applied, in accor-
dance with an embodiment of the present invention.

The processing system 100 includes a bus 102 for inter-
connecting one or more Non-Linear Filters (NLFs) (collec-
tively and individually denoted by the figure reference
numeral 110), one or more Resistive Processing Units
(RPUs) (collectively and individually denoted by the figure
reference numeral 120), one or more memories (collectively
and individually denoted by the figure reference numeral
130), and one or more input/output (I/O) circuits (collec-
tively and individually denoted by the figure reference
numeral 140).

In the case of an Integrated Circuit (IC) implementation of
processing system 100, on-chip communication can be
provided by the bus 102, while off-chip communication can
be provided by the I/O circuits 140.

Of course, the processing system 100 may also include
other elements (not shown), as readily contemplated by one
of skill in the art, as well as omit certain elements. For
example, various other input devices and/or output devices
can be included in processing system 100, depending upon
the particular implementation of the same, as readily under-
stood by one of ordinary skill in the art. For example,
various types of wireless and/or wired input and/or output
devices can be used. Moreover, additional RPUs, proces-
sors, controllers, memories, and so forth, in various con-
figurations can also be utilized as readily appreciated by one
of ordinary skill in the art. These and other variations of the
processing system 100 are readily contemplated by one of
ordinary skill in the art given the teachings of the present
invention provided herein.

FIG. 2 shows an exemplary analog vector-matrix multi-
plication 200 on a RPU array, in accordance with an
embodiment of the present invention.

The analog vector-matrix multiplication 200 involves a
set of digital input values (8) 210, where each of the digital
input values (8) 210 is represented by a respective analog
signal pulse width 220. The analog signal pulse widths 220
are provided to an operational amplifier (op-amp) integrat-
ing circuit 230 having an op-amp 231 with a capacitor (C,,)
232 connected to (across) the inverting input of the op-amp
231 and the output of the op-amp 231. The non-inverting
input of the op-amp 231 is connected to ground. The output
of the op-amp 231 is also connected to an input of an
Analog-to-Digital Converter (ADC) 240. The ADC 240
outputs a signal y1, representing a (digitized) result of the
analog vector-matrix multiplication 200 on the RPU array.

FIG. 3 shows another exemplary analog vector-matrix
multiplication 300 on a RPU array, in accordance with an
embodiment of the present invention. The multiplication
300 is essentially that shown in FIG. 2, using a different
format (representation).

The analog vector-matrix multiplication 300 involves a
set of input values 320 applied to an inverting input of an
op-amp integrating circuit 330. The op-amp integrating
circuit 330 includes an op-amp 331 with a capacitor (C,,,)
332. The input values 320 correspond to an input voltage yin
and corresponding transconductances g;* through g,* and
g, through g, ~. A non-inverting input of the op-amp 331 is
connected to ground. The capacitor 332 is connected to
(across) the inverting input of the op-amp 331 and the output
of the op-amp 331. The output of the op-amp is also
connected to an input of an Analog-to-Digital Converter
(ADC) 340. The op amp 331 outputs a signal V_,,, repre-
senting a result of the analog vector-matrix multiplication
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300 on the RPU array. The ADC 340 converts the analog
output V_,, from the op-amp 331 into a digital signal.

FIG. 4 shows an exemplary update operation 400 to which
the present invention can be applied, in accordance with an
embodiment of the present invention.

The update operation 400 involves providing an original
vector input § 411 and an original vector input x 412 to a
Resistive Processing Unit (RPU) 420. An output of the RPU
420 is provided as follows:

W= WA (%))

where w,; represents a weight of a connection between an i
row and a j* column, 1 represents a learning rate (a scalar
value), x, represents the activity at the input neuron, and d;
represents the error computed by the output neuron.

In an embodiment, a RPU is trained using a backpropa-
gation method that includes three cycles, namely a forward
cycle, a backward cycle, and a weight update cycle (herein
“weight update” in short). The forward and backward cycles
mainly involve computing vector-matrix multiplication in
the forward and backward directions. The present invention
is essentially directed to the weight update cycle.

FIG. 5 shows a stochastic update rule circuit 500 for a
RPU array, to which the present invention can be applied, in
accordance with an embodiment of the present invention.
FIG. 6 shows an update cycle 600 corresponding to the
update rule circuit 500 of FIG. 5, in accordance with an
embodiment of the present invention.

The stochastic update rule circuit 500 includes a Trans-
lator (TR) 510, a TR 520, an AND (&) gate 530, and an
adder 540. The TRs can be Stochastic Translators (STRs) or
Deterministic Translators (DTRs). For the sake of illustra-
tion, the Translators (TRs) 510 and 520 are hereinafter
referred to as Stochastic Translators (STRs) and will be
described involving Stochastic streams. However, the STRs
can be readily replaced by DTRs and used involving deter-
ministic streams, as readily determined by one of ordinary
skill in the art given the teachings of the present invention
provided herein, while maintaining the spirit of the present
invention.

The STR 510 receives an input x, and output A,”. Input x,
represents the activity at the input neuron. A/ denotes a
random variable that is characterized by a Bernoulli process,
and the superscript n denotes the bit position in the trial
sequence.

The STR 520 receives an input 9, and output B;”. Input d,
represents the error computed by the output neuron. B/
denotes a random variable that is characterized by a Ber-
noulli process, and the superscript n denotes the bit position
in the trial sequence.

Each of the STRs 510 and 520 involves a parameter C,
which is a STR amplification factor. In particular, STR 510
involves amplification factor C,_ for the x vector, and STR
520 involves amplification factor Cg for the d vector. Hence,
the probabilities that A,” and B, are given by C x, and Cgd,
respectively. In an embodiment, the amplification factors C,
and Cg are controlled by a non-linear filter (e.g., NLF 110 of
FIG. 1, and so forth).

The adder 540 receives inputs Aw,,,;,, and w,;, and outputs
(an updated) w,. The parameter Aw,,,,, corresponds to an
incremental conductance change on an RPU device due to a
single coincidence event that translates into an incremental
weight change. The conductance value stored on an RPU
device similarly translates in to a weight value.

A stochastic update rule implemented by the stochastic
update rule circuit 500 is as follows:
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BL
wij < wij + Awm;nz A} ~ B}

n=1

where w,; denotes a weight of a connection between an i
row and a j* column, Aw,,, denotes an incremental con-
ductance change (i.e., change in weight value) due to a
single coincidence event (and is considered a device param-
eter that may be controlled by voltage), BL. denotes the
length of the stochastic bit stream (at the output of the STRs
that is used during the update cycle), A, and B," denote
random variables that are characterized by a Bernoulli
process, and the superscript n denotes the bit position in the
trial sequence.

In the stochastic update rule circuit 500, numbers that are
encoded from neurons (X, and d)) are translated to stochastic
bit streams by the STRs 510 and 520.

Increasing the stochastic bit stream length BL would
decrease the error, but in turn would increase the update
time. In an embodiment, an acceptable range of BL values,
that allow reaching classification errors similar to a baseline
model, is found as follows: perform training using different
BL values while setting

n
AWpin = o

BL

and C=1 in order to match the learning rates used for the
baseline model. It has been determined that a value of BL as
small as ten is sufficient for the stochastic model to become
indistinguishable from the baseline model.

In addition, for the stochastic update rule, the change in
the weight value for a single update cycle is bounded by BL
Aw .. and this condition may happen if the probabilities of
generating pulses from the STRs 510 and 520 (Cx,) and
(Cd)) are close to unity or larger. The effect of this clipping
in the weight update is also taken into account and does not
degrade the performance for BL as small as ten, for example.

Moreover, the (global) learning rate m is an important
hyper-parameter to be controlled.

The learning rate control is implemented by the follow-
ing:

n<BLAw,,, C?

In the most general form, the average change in the
weight value for the stochastic model can be written as
follows:

E (Aw,)=BL Aw,,,,C?x3;

Therefore, the learning rate for the stochastic model is
controlled by three parameters, namely BL and Aw,,,,, and C.
These three parameters can be adjusted to match the learning
rates that are used in the baseline model.

While the training goes on, d values get smaller since the
network becomes better (therefore the network needs less
updates). On the other hand, x values (Aw=nx0) become 1
or -1 due to the tanh activation functions used (If it were
sigmoid, it would be 0 or 1).

The stochastic update rule (Coincidence Detection) works
worse when the multiplicands are at different orders of
magnitude (e.g., 1 and 107) which means a probability of
having a “high” pulse in individual populations is greatly
different (i.e., one is more or less certain while the other is
quite impossible).
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When a & column fires, then all the nodes in that column
get updated since x rows certainly fires (have values of 1 or
-1). This causes an unreal spatial correlation and harms the
process.

In accordance with an embodiment of the present inven-
tion, values can be scaled, while maintaining their product to
be the same, so that they are comparable (the same). For
example,

I1x10-6= Lx(10*6x103)
10 ’

n e BIAW,,;,C?

ne BzAwm;n(g](cw, ¥ = Afmaxt) / max(0;)

where, in the preceding equation for 1,

represents C,, and “(Cy)” represents Cs.

In an embodiment, the Bit Length BL is reduced to one to
allow the update cycle to be as short as possible.

The isotropic update scheme in accordance with the
present invention increases test accuracy both in a Convo-
Iutional Neural Network (CNN) and Deep Neural Network
(DNN) by removing false spatial correlation caused by a
high difference in the order of magnitudes between x and
values.

Using streams of similar probability of including “high”
pulses increase the entropy of the update mechanism, pro-
viding a better result.

In an embodiment, all the operations relating to the
present invention are done in the digital domain, without
increasing circuit complexity.

Referring to FIG. 6, the following equations apply:

P=Cx;
Pi=Ced;

In FIG. 6, update pulses (e.g., stochastic update pulses)
611 are applied to an RPU array 612. The probability of
generating a pulse in a specific row j is given by P, which is
controlled by a STR for that row. Similarly, the probability
of generating a pulse in a specific column i is given by P,
which is controlled by a STR for that column. Some of those
generated pulses from the i” column and the i row may
overlap (coincide) on an RPU device causing an incremental
conductance change. This incremental conductance change
is equivalent to an incremental weight change (Aw,,,,,,).

In the case of deterministic update pulses, the Stochastic
Translators (STRs) can be replaced by DTRs Deterministic
Translators (STRs), as readily appreciated by one of ordi-
nary skill in the art, given the teachings of the present
invention provided herein, while maintaining the spirit of
the present invention.

FIG. 7 shows an exemplary method 700 for update
management for a RPU array, in accordance with an
embodiment of the present invention.

At step 710, receive numbers from neurons (e.g., x, and
8).

! At step 720, determine whether to use update manage-
ment. If so, then proceed to step 730. Otherwise, proceed to
step 790.
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At step 730, determine a scaling factor § such that:
yf\/max(xi)/max(sj).

At step 740, scale the numbers (x; and 9,) using the scale
factor O such that orders of magnitude between scaled
numbers C,x, and C,0; are equal.

At step 750, translate, by a set of TRs, the scaled numbers
into bitstreams (e.g., stochastic or deterministic bitstreams),
each having a respective Bit Length (BL).

At step 760, apply a neural network update.

At step 770, apply a neural network updated by the neural
network update cycle to an input signal corresponding to a
particular object.

At step 780, perform an action relating to the particular
object or change a state of the particular object (to another
state), based on an output of the neural network.

At step 790, scale the numbers (x, and d)) using C,, and
C, such that:

C,=Cy=C=yn{BLAWo

It is to be appreciated that the present invention can be
applied to a myriad of applications involving neural net-
works including, but not limited to, speech recognition,
speaker recognition, gesture recognition, audio recognition,
natural language processing, computer vision, bioinformat-
ics, and so forth. Accordingly, steps 770 and 780 can involve
any of the preceding applications. Thus, relating to speech
recognition, for example, an acoustic utterance can be
transformed into a textual representation of the same. More-
over, further relating to speech recognition, a hardware or
other type of lock can be unlocked upon recognizing any of
an uttered password, a submitted biometric identifier (e.g., a
fingerprint), a speaker, an object, and so forth.

The present invention may be a system, a method, and/or
a computer program product at any possible technical detail
level of integration. The computer program product may
include a computer readable storage medium (or media)
having computer readable program instructions thereon for
causing a processor to carry out aspects of the present
invention.

The computer readable storage medium can be a tangible
device that can retain and store instructions for use by an
instruction execution device. The computer readable storage
medium may be, for example, but is not limited to, an
electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory
(SRAM), a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
going. A computer readable storage medium, as used herein,
is not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

Computer readable program instructions described herein
can be downloaded to respective computing/processing
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devices from a computer readable storage medium or to an
external computer or external storage device via a network,
for example, the Internet, a local area network, a wide area
network and/or a wireless network. The network may com-
prise copper transmission cables, optical transmission fibers,
wireless transmission, routers, firewalls, switches, gateway
computers and/or edge servers. A network adapter card or
network interface in each computing/processing device
receives computer readable program instructions from the
network and forwards the computer readable program
instructions for storage in a computer readable storage
medium within the respective computing/processing device.

Computer readable program instructions for carrying out
operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, or
either source code or object code written in any combination
of one or more programming languages, including an object
oriented programming language such as Java, Smalltalk,
C++ or the like, and conventional procedural programming
languages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider). In some embodiments, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) may execute the computer
readable program instructions by utilizing state information
of'the computer readable program instructions to personalize
the electronic circuitry, in order to perform aspects of the
present invention.

Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems), and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be imple-
mented by computer readable program instructions.

These computer readable program instructions may be
provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

The computer readable program instructions may also be
loaded onto a computer, other programmable data process-
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ing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable
apparatus or other device to produce a computer imple-
mented process, such that the instructions which execute on
the computer, other programmable apparatus, or other
device implement the functions/acts specified in the flow-
chart and/or block diagram block or blocks.

The flowchart and block diagrams in the Figures illustrate
the architecture, functionality, and operation of possible
implementations of systems, methods, and computer pro-
gram products according to various embodiments of the
present invention. In this regard, each block in the flowchart
or block diagrams may represent a module, segment, or
portion of instructions, which comprises one or more
executable instructions for implementing the specified logi-
cal function(s). In some alternative implementations, the
functions noted in the block may occur out of the order noted
in the figures. For example, two blocks shown in succession
may, in fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
depending upon the functionality involved. It will also be
noted that each block of the block diagrams and/or flowchart
illustration, and combinations of blocks in the block dia-
grams and/or flowchart illustration, can be implemented by
special purpose hardware-based systems that perform the
specified functions or acts or carry out combinations of
special purpose hardware and computer instructions.

Reference in the specification to “one embodiment” or
“an embodiment” of the present invention, as well as other
variations thereof, means that a particular feature, structure,
characteristic, and so forth described in connection with the
embodiment is included in at least one embodiment of the
present invention. Thus, the appearances of the phrase “in
one embodiment” or “in an embodiment”, as well any other
variations, appearing in various places throughout the speci-
fication are not necessarily all referring to the same embodi-
ment.

It is to be appreciated that the use of any of the following
“/”, “and/or”, and “at least one of”, for example, in the cases
of “A/B”, “A and/or B” and “at least one of A and B”, is
intended to encompass the selection of the first listed option
(A) only, or the selection of the second listed option (B)
only, or the selection of both options (A and B). As a further
example, in the cases of “A, B, and/or C” and “at least one
of A, B, and C”, such phrasing is intended to encompass the
selection of the first listed option (A) only, or the selection
of the second listed option (B) only, or the selection of the
third listed option (C) only, or the selection of the first and
the second listed options (A and B) only, or the selection of
the first and third listed options (A and C) only, or the
selection of the second and third listed options (B and C)
only, or the selection of all three options (A and B and C).
This may be extended, as readily apparent by one of
ordinary skill in this and related arts, for as many items
listed.

Having described preferred embodiments of a system and
method (which are intended to be illustrative and not lim-
iting), it is noted that modifications and variations can be
made by persons skilled in the art in light of the above
teachings. It is therefore to be understood that changes may
be made in the particular embodiments disclosed which are
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within the scope of the invention as outlined by the
appended claims. Having thus described aspects of the
invention, with the details and particularity required by the
patent laws, what is claimed and desired protected by Letters
Patent is set forth in the appended claims.

What is claimed is:

1. A computer program product for update management
for a neural network, the computer program product com-
prising a non-transitory computer readable storage medium
having program instructions embodied therewith, the pro-
gram instructions executable by a computer to cause the
computer to perform a method comprising:

performing an isotropic update process on the neural
network using a Resistive Processing Unit, the isotro-
pic update process using a multiplicand and a multiplier
from a multiplication operation, wherein said perform-
ing step comprises scaling the multiplicand and the
multiplier to have a same order of magnitude; and

translating, by one or more stochastic translators, sets of
numbers corresponding to neurons of the neural net-
work into stochastic bitstreams, wherein a scaling
factor for the scaling is applied to an amplification
factor of the one or more stochastic translators.

2. The computer program product of claim 1, wherein the
multiplicand and the multiplier are scaled to maintain a same
product before and after the scaling.

3. The computer program product of claim 1, wherein said
scaling step is performed in an input conditioning process
applied to inputs of the isotropic update process.

4. The computer program product of claim 3, wherein the
input conditioning process removes false spatial correlations
resulting from a difference between orders of magnitude of
the multiplicand and the multiplier.

5. The computer program product of claim 1, wherein the
isotropic update process is performed using only a single
update cycle.

6. The computer program product of claim 1, wherein the
Resistive Processing Unit is configured to perform an analog
vector-matrix multiplication.

7. A computer processing system for update management
for a neural network, the computer processing system com-
prising:

a Resistive Processing Unit (RPU) configured to perform
an isotropic update process on the neural network, the
isotropic update process using a multiplicand and a
multiplier from a multiplication operation, wherein the
RPU is configured to perform the isotropic update
process by scaling the multiplicand and the multiplier
to have a same order of magnitude; and

one or more stochastic translators configured to translate
sets of numbers corresponding to neurons of the neural
network into stochastic bitstreams, wherein a scaling
factor for the scaling is applied to an amplification
factor of the one or more stochastic translators.

8. The computer processing system of claim 7, wherein
the computer processing system further comprises a Non-
Linear Filter.

9. The computer processing system of claim 7, wherein
the RPU is comprised in an Application Specific Integrated
Circuit.



